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ABSTRACT
Although data analytic technologies provide auditors with powerful tools for identifying
high-risk areas during an audit (Austin, Carpenter, Christ, and Nielson 2019), they are not a
substitute for necessary interpretation and judgment (Brown-Liburd, Issa, and Lombardi 2015). A
major barrier for making better use of data analytic techniques and tools is the skillset needed to
make necessary interpretations and judgments based on data visualizations within the tool
(Appelbaum, Kogan, and Vasarhelvi 2017; Earley 2015; PwC 2015). Default visualizations
provided to auditors could be suboptimal in relation to the underlying data, which could limit
auditors’ ability to identify anomalies without some intervention to reconfigure the visualization.
Failure to identify significant anomalies has implications for inferences related to audit risk
assessment. This study examines the effectiveness of a documentation focus intervention aimed to
invoke a mindset conducive to anomaly identification and risk assessment judgment and decisionmaking. My findings indicate that without the use of supporting focus documentation, auditors
will likely anchor on initially provided data visualizations even when they are in less-than-optimal
form. The initial suboptimal data visualization is detrimental to anomaly identification
performance and in turn, leads to lower assessed risk. However, supporting focus documentation
encourages auditors to search for and document a greater number of high-risk evidence items and
spend more time interacting with the data visualizations which alleviates the tendency to anchor.
Overall, this study should be of interest to public accounting firms and standard setters who wish
to improve audit quality and efficiency, particularly when using data analytic visualizations during
risk assessment.
iv

1. INTRODUCTION
Data analytic technologies and tools are increasingly being used in the risk assessment of
financial statement audits as they allow auditors to effectively and efficiently identify high risk
areas (Austin, Carpenter, Christ, and Nielson 2019). Data analytic visualization tools, such as
Tableau and Microsoft Power BI, provide a wide range of possible chart types that could be used
to visualize an underlying data set to inform the risk assessment. The information obtained through
the interpretation of the data analytic visualizations can be used to assess risk and should be
interpreted and evaluated along with other information gathered during audit planning (BrownLiburd, Issa, and Lombardi 2015).
In audit settings, data analytic visualizations are either directly constructed by the auditor
or they are constructed by experts and provided to the auditor for use. Given auditors’ lack of an
analytics skillset (Appelbaum, Kogan, and Vasarhelvi 2017; Earley 2015; PwC 2015), auditors
may construct a suboptimal visualization 1 to view the data (Baaske 2021), or similarly, a
suboptimal visualization can be provided to the auditor who unknowingly uses it “as is” to make
a risk assessment judgment. An initial visualization that is suboptimal can be a problem because
auditors tend to naturally adopt a mindset conducive to efficient completion of a task (Griffith,
Hammersley, Kadous, and Young 2015), which may lead them to anchor on that initial
visualization. However, the professional skepticism needed during the use of data analytics

For example, a suboptimal visualization can be a visualization that shows client revenue data by month rather than
by week if the auditor finds that there is a potential audit risk that would lead to a material misstatement within the
last week of each month. Likewise, if the auditor wants to view trends in time, it would be more optimal to view the
client’s data with a line graph rather than with a bar graph (Abela 2006).

1

1

(Dymond 2019), as well as the interactive nature of data visualizations, requires auditors to
sufficiently process individual pieces of information so that they can properly interact with the
visualization and identify a relevant pattern or risk (Nolder and Kadous 2018).
To investigate how the use of data visualizations can be improved, I draw on the extended
cognitive fit theory model (Shaft and Vessey 2006). According to the model, task performance
depends on the extent of the fit between the mental representation of the task solution and the
characteristics of the task. A fitting mental representation for the task depends on both the external
problem representation (e.g., a data analytic visualization used to make a risk assessment) and the
internal representation of the problem domain (e.g., an internal mindset related to processing
information cues). Therefore, in this study, I examine likely reasons for data analytic failures: (1)
the initial data visualization provided to the auditor may not be the most optimal visualization to
detect anomalies if they exist, (2) the auditor may unknowingly anchor on a suboptimal
visualization, and (3) auditors may not adopt the mindset that is best suited to recognize the
underlying audit issue that creates the need to interact with a data visualization for detecting
anomalies during a risk assessment. This paper explores one potential intervention, documentation
focus, aimed at invoking a mindset that may help auditors identify an underlying audit risk during
a risk assessment and enable them to recognize the anomalies that can be seen using a data
visualization. To address the problem of ineffective use of data visualizations in risk assessment
settings, I pose the following research questions in this study: To what extent does the match
between the initial data visualization form and the underlying data influence anomaly
identification performance (i.e., identification of high audit risk areas)? To what extent can a
documentation focus facilitate or hinder anomaly identification performance when using a data
analytic visualization? How do the initial data visualization form and documentation focus interact
2

to influence anomaly identification performance and subsequent risk assessment judgments and
decisions?
Drawing on the theory of extended cognitive fit (Shaft and Vessey 2006; Vessey 1991), I
posit that a data analytic visualization will be most useful in informing the risk assessment when
it matches the underlying client context (i.e., information gathered during planning). Vessey
(1991) argues that data visualization techniques can further increase the task’s cognitive demands
if they are poorly designed or if the visualizations do not match the decision environment. I posit
that the anchoring effect (Tversky and Kahneman 1974) can be applied to this data visualization
setting such that the users of these tools will anchor on an initial visualization even though they
may adjust the visualization form to make it a better match to the underlying client context.
Therefore, when a visualization is not initially in its most optimal form based on the client’s
context, auditors may fail to recognize audit risks based on information cues because they do not
adequately adjust the visualization, potentially resulting in suboptimal risk assessment judgments
and decisions. Relying on extended cognitive fit theory (Shaft and Vessey 2006; Vessey 1991) and
the anchoring effect (Tversky and Kahneman 1974), I predict and find that auditors who are
initially provided a more (less) optimal visualization in relation to the underlying data will be better
(worse) at finding seeded anomalies and making risk assessment judgments and decisions, given
that they do not (do) need to adjust the visualization from its initial form.
Given the importance of the initial visualization form, auditors need to adequately consider
information cues gathered during a risk assessment to enhance the likelihood that they will
recognize the potential need to adjust the data analytic visualization when using it to identify high
risk areas. To prevent an inadequate adjustment to a data visualization, the setting requires a
mindset conducive to the skeptical processing needed for auditors to think deeply enough about
3

the individual pieces of evidence so that they properly make use of the interactive functionality of
data visualization tools in order to form a fit with the underlying client context. Therefore, this
study explores the efficacy of a documentation focus intervention aimed at putting auditors in the
right mindset to make use of data visualization tools and detect anomalies using optimal data
visualizations.
A mindset is a state of mind that includes the judgment criteria and cognitive processes
that create a predisposition or readiness to respond to a task in a certain manner (Gollwitzer 1990).
This study focuses on the Action Phase Theory mindsets (Gollwitzer 1990), deliberative versus
implemental, as they are most relevant to decision-making. Deliberative mindsets typically
facilitate the identification of the best course of action, including the consideration of pros and
cons, while implemental mindsets typically facilitate efficiently carrying out the chosen course of
action (Gollwitzer 1990). Prior research indicates that auditors in the deliberative mindset are more
likely to critically evaluate evidence to identify seeded issues, evaluate the biased estimate as less
reasonable, and take appropriate action when auditing complex estimates than auditors in the
implemental mindset (Griffith et al. 2015). In the implemental mindset, auditors do not always
approach the evidence in a manner conducive to unbiased critical thinking or apply the appropriate
levels of professional skepticism (Nolder and Kadous 2018). Just as it has been found to limit
auditors’ ability to recognize contractions and inconsistencies among evidence items for complex
estimates (e.g., Griffith et al. 2015), the implemental mindset may limit auditors’ ability to
recognize risks in the risk assessment phase of an audit because the implemental mindset can limit
an auditors’ likelihood to consider relevant information when it appears outside the task at hand.
Accordingly, as auditors are still getting accustomed to the use of data analytic visualizations in
the risk assessment phase of an audit and are still learning how to derive meaningful information
4

from them, the implemental mindset could be especially detrimental in this audit context. Theory
suggests that mindsets can be activated by contextual factors, such as documentation requirements
(Gollwitzer 1990; Nolder and Kadous 2018). Recent research in documentation requirements
suggests that auditors using a balanced documentation focus (i.e., focus on documenting evidence
that supports and contradicts the auditor’s conclusion) as opposed to a supporting focus (i.e., focus
on documenting evidence that supports the auditor’s conclusion) are less likely to dismiss
contradicting evidence and are more effective at evaluating management’s estimates (Austin et al.
2020). I extend Austin et al.’s (2020) findings and test whether the balanced documentation focus
encourages the auditor to adopt the deliberative mindset, overcoming their natural tendency to
employ the implemental mindset and skip the deliberative mindset. Based on theory and prior
research, I posit that the balanced (supporting) focus documentation will enhance (diminish)
auditors’ ability to make use of data visualizations to identify anomalies (i.e., risks) and to critically
evaluate the potential risk assessment insight that can be drawn from them as evidence.
To test my hypotheses, I manipulate the initial form of a data analytic visualization (more
optimal versus less optimal) and documentation focus (balanced versus supporting focus) in a 2x2
between-participants experiment. I analyze the influence of the variables on anomaly identification
performance and risk assessment judgment and decision-making. Graduate and undergraduate
accounting student participants take on the role of an auditor for a hypothetical client and are told
they will be performing a risk assessment over revenue as part audit planning. They are provided
with case materials which include client background information and clickable hyperlinks to the
year-by-year revenue comparison, the fraud brainstorming notes, and one of the two manipulated
interactive revenue visualizations. The hypothetical scenario involves an underlying audit issue
and related seeded anomalies. Participants are also given the option to interact with the revenue
5

visualization to adjust its initial form. Finally, measures for risk assessment judgment and decisionmaking are collected when participants indicate their assessed risk of material misstatement over
revenue and proposed budget changes, and then measures for anomaly identification performance
are collected when participants indicate any of the identified anomalies in the revenue
visualization. The measures for anomaly identification performance include both the true positive
rate which is the number of true positives identified divided by six total seeded anomalies and the
positive predictive rate which is the number of true positives identified divided by the total number
of anomalies identified. I also collect various mindset measures to supplementally test cognitive
processing differences between documentation, including the number of times the participant
interacts with the visualization. I measure the time spent interacting with the visualizations, as well
as the time spent on the search for information, in minutes. Finally, I measure the amount of
information considered with a word count of the note-taking documentation and I code the number
of high-risk items referenced in the note-taking documentation. Finally, I measure the
dismissiveness of seeded issues measure (Austin et al. 2020). The dismissiveness measure involves
a binary coding of 1 if the participant makes no mention of the seeded audit issue in the
documentation or 0 if the participant mentions the seeded audit issue in the documentation.
I find that participants anchored on an initial data visualization, regardless of its optimality.
Specifically, participants who initially received a more optimal visualization were more accurate
at anomaly identification than those who received a less optimal visualization. I also find an
interaction between visualization form and documentation focus on anomaly identification. A post
hoc moderation analysis of the interaction indicates that when participants initially received the
more optimal visualization, the documentation focus did not significantly affect anomaly
identification because there was no need to adjust from the initial visualization. Conversely, when
6

the less optimal visualization was provided, anomaly identification was more accurate for the
participants who used supporting focus documentation than it was for participants who used
balanced focus documentation. Therefore, the use of supporting focus documentation appears to
have alleviated the tendency to anchor on the initial visualization as indicated by the moderation
results, as well as the results that auditors spent significantly more time interacting with (i.e.,
adjusting) the visualizations when using supporting focus compared to balanced focus
documentation.
In addition, supporting focus documentation positively encouraged the participant to
search for and document more high-risk items and to be less dismissive of audit issues (i.e., manual
journal entry to adjust revenue at month-end). Mediation results indicate that the documentation
of a greater number of high-risk items when using supporting focus documentation ultimately
helped improve anomaly identification performance. Results of mediation analyses indicate that
the initial visualization form and documentation focus indirectly influenced the risk of material
misstatement over revenue through the mindset and anomaly identification measures. First, I find
that those who initially received a more optimal visualization were more accurate at anomaly
identification and in turn, assessed risk as higher. Second, I find that those who used the supporting
focus documentation documented a greater number of high-risk items which led them to be more
accurate at anomaly identification and assess risk as higher.
The supplemental results of this study also indicate that the balanced (supporting) focus
documentation did not influence mindset as initially expected. I initially expected that the balanced
focus documentation would lead participants to search for and document more high-risk (i.e., what
I viewed as contradicting) items. However, findings suggest that participants may have
preliminarily concluded that they should support the risk of material misstatement over revenue in
7

their search for information and documentation because the supporting focus documentation led
to a greater number of documented high-risk items. On the contrary, the balanced focus
documentation led to a lesser number of documented high-risk items perhaps because the
participant was driven to the deliberative mindset and documented some high-risk items and some
low-risk items.
To conclude, the findings of this study should be of interest to academic researchers. The
results may be extrapolated to auditors to provide support that they anchor on an initial data
visualization even when it is not the most optimal for the underlying client setting (i.e., or audit
issue). Even though auditors are given the opportunity to interact with or adjust a data visualization
using data analytic tools, they do not always spend the time or recognize the need to do so.
Furthermore, this study contributes to the mindset literature; although Griffith et al. (2015) find
that the deliberative mindset is helpful when assessing evidence in the audit of complex estimates,
this study suggests that these findings do not hold when collecting evidence during the risk
assessment process over revenue. This study also contributes to the documentation focus literature;
Austin et al. (2020) find that the balanced focus documentation is helpful when assessing
management’s estimates such that auditors are less likely to dismiss contradicting items and to
assess estimates as reasonable. On the contrary, I find that the balanced focus documentation does
not appear to be most helpful in this risk assessment over revenue setting because the supporting
focus documentation influences auditors to document a greater number of high-risk items, more
likely to identify anomalies, and more likely to assess risk as higher. The difference between my
findings and those in Austin et al.’s (2020) work highlight the importance of what exactly an
auditor is being asked to support. Overall, this study is the first to provide academic support for
the influence of mindsets and documentation focus in a new audit setting, anomaly identification
8

and risk assessment, which is important given the recent prominence of data analytic visualizations
during this phase of the audit (Austin et al. 2019).
Furthermore, the findings of this study should be of interest to practitioners and standardsetters in the auditing field. Public accounting firms should be aware of the significance of the
initial form of visualizations used in the audit risk assessment or recognize the need for an
intervention that influences an auditor to recognize audit issues or interact with the initial
visualization. During a time when auditors still fail to recognize the most optimal visualization to
detect anomalies, the supporting documentation focus is especially important for making effective
use of these data analytic tools during the audit risk assessment. However, given that there is no
interaction between visualization form and documentation focus on time interacting with the data
visualization, the results suggest that the supporting focus documentation will influence the auditor
to spend more time interacting with the tool even when they are initially provided the most optimal
visualization. Public accounting firms should have an interest in these findings as they are
interested in auditors performing a risk assessment that is both effective and efficient. Overall, this
study should be of interest to public accounting firms and standard setters who wish to improve
audit quality and efficiency, particularly when using data analytic tools during risk assessment.
Additionally, standard-setters should have an interest in these findings because they may be
pressed to changed standards to encourage a more balanced documentation focus given the benefits
when auditing complex estimates, but they should be aware of the detrimental effects of a balanced
documentation focus in this specific setting.
The remainder of this study is organized by sections. In the second section, I review the
literature and develop hypotheses. In the third section, I describe the research method. I include
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the results of my hypotheses and supplemental analysis in the fourth and fifth section, respectively.
Finally, I make concluding remarks in the sixth section.

10

2. BACKGROUND AND HYPOTHESES
Data analytics can be defined as, “the science and art of discovering and analyzing patterns,
identifying anomalies, and extracting other useful information in data underlying or related to the
subject matter… through analysis, modeling, and visualization” (AICPA 2017, para. 2). Audit
firms are investing large amounts of money in tools and technologies to make use of data analytics
in financial statement audits (e.g., Deloitte 2016; EY 2017; KPMG 2017; PwC 2015). A group of
audit partner interviewees identified risk assessment as one of the most common uses of data
analytics and named insights to the client and risk-focused testing as two of the benefits of using
data analytics in an audit (Austin et al. 2019). Many of the implemented data analytic tools are
currently being used for their interactive data visualization component to help users sift through
an entire dataset and understand the anomalies or patterns of the data through graphics, charts,
models, and other illustrations (PwC 2015). The tools are “interactive” because the user can select
the data they wish to view and specify the form of the visualization in various ways (Dilla, Janvrin,
and Raschke 2010). Auditors can use these tools to sort, filter, and analyze 100 percent of any
dataset to identify anomalies, focus on areas of concern, and follow up accordingly during risk
assessment (Brown-Liburd et al. 2015; PwC 2015; Whitehouse 2014). By uncovering anomalies
or patterns that would otherwise remain unknown, the data analytic tools can be heavily leveraged
to inform risk assessments, allowing auditors to profile risky accounts, time periods, or
transactions and focus on areas with higher levels of risk.

11

2.1 Visualization Form
The visualization component of data analytic tools assists judgments and decisions by
supporting visual thinking (Dilla and Raschke 2015), but data visualizations can be most useful
for making judgments and decisions if they are in a facilitative visualization form (e.g., Dilla et al.
2010; Lurie and Mason 2007; Tableau Software 2003-2021). Proponents of data visualization
tools, like Tableau, argue that the right presentation, using best practices for data visualization, can
help a user derive meaningful insight from the tool (Tableau Software 2003-2021). Academic
research also supports the notion that effective decision-making using a visualization depends on
the efficacy of the visualization display (Lurie and Mason 2007; Dilla et al. 2010). The interactive
nature of the tools allows for flexibility in the visualization form such that the user can choose to
view the data with various graph types (e.g., line graph, bar chart), filtering options, and with many
other customization techniques (e.g., color, size, proportions, format, axis attributes).
The problem with interactive data visualizations is that there is not one “best” visualization
form, but rather the most facilitative visualization form in each scenario depends on various
contextual factors. Some graph forms are closely linked to the type of task, such as the specific
analytic type in an audit setting. For example, scatterplots are most facilitative when an individual
is trying to show the relationship between two variables (AICPA 2007). Likewise, if an auditor
wants to view trends in time, it would be more facilitative if the auditor views the dataset with a
line graph rather than with a bar graph (Abela 2006). Other disaggregation techniques might be
useful to adjust to the underlying audit or client context. For example, if an auditor finds that there
is a potential audit risk that would lead to a material misstatement within the last week of each
month, it would be more facilitative to view client revenue data by week rather than by month. If
a visualization is poorly designed by an auditor, he/she may fail to identify an important matter
12

that requires additional focus (AICPA 2017). Refer to Appendix A for examples of additional audit
data visualizations.
Use of data analytic visualizations require an element of skill and judgment given the need
to interact with the tool (Dilla et al. 2010); therefore, successful integration of analytics will require
auditors to develop skills that they do not already have (Dymond 2019). A data analytic tools may
recommend a visualization which can be a useful starting point for determining the visualization
form that works well in the circumstance, but an auditor should use professional judgment to
decide whether it is most appropriate (AICPA 2017). In an initial study in this domain using
accounting students as a proxy for entry-level accountants, I find that with individuals with low
spatial abilities often fail to choose the most facilitative data visualization for a given task and fail
to effectively use the chosen visualization to identify anomalies (Baaske 2021). These findings
suggest that a suboptimal visualization can be provided to the accountant who then unknowingly
uses it in a less optimal form to try to identify anomalies. Accordingly, in this study I extend that
work to investigate if the failure to appropriately use data visualizations negatively affects
auditors’ risk assessments when using these tools to inform the assessment. When a visualization
is in a less optimal form based on the client’s context, judgments and decisions will likely suffer
if auditors rely on the visualization to inform the risk assessment without further probing.
Therefore, this study examines whether and how the initial data analytic visualization form (less
versus more optimal) will influence anomaly identification and risk assessment judgment and
decision-making.
2.2 Initial Visualization Form
To inform my study on the use of data visualizations, I draw on the extended cognitive fit
model (Shaft and Vessey 2006; Vessey 1991). Extended cognitive fit theory posits that task
13

performance (e.g., accuracy) depends on the extent of the fit between the mental representation for
the task solution and the characteristics of the task (e.g., client context). The mental representation
for the task depends on both the external problem representation (e.g., a data analytic visualization
used to make a risk assessment) and the internal representation of the problem domain (e.g., an
internal mindset related to processing information cues or deliberating about the need to
reconfigure the data analytic visualizations for a risk assessment). When a cognitive fit between
the problem representation and the task characteristics occurs, a consistent mental representation
of the processing required by the task results. Such fit leads to more effective and efficient task
performance. Drawing on the theory of cognitive fit, I predict that a data analytic visualization will
be most useful in informing the risk assessment when it matches with the underlying client context
(i.e., information gathered during planning) because through appropriate cognitive fit, data
analytics visualization techniques should facilitate the understanding of the underly data
(Schneider et al. 2015).
I posit that the anchoring effect (Tversky and Kahneman 1974) can be applied to the data
visualization setting such that the users of these tools will anchor on an initial visualization.
Anchoring describes the phenomenon that some initial anchor biases later judgments towards the
anchor even if is unrelated. Ideally, auditors should not anchor on initially provided visualizations
because they may not fit the underlying client context. Vessey (1991) argues that data visualization
techniques can further increase the task’s cognitive demands if they are poorly designed or if the
visualizations do not match the decision environment. Therefore, auditors should apply
professional skepticism to the data visualizations they use for assessing risk, just as they are
required to in all other areas of the audit, such that they interact with the data visualization tools if
needed. However, auditors do not always apply the appropriate levels of skepticism when using
14

audit tools (PCAOB 2017) and therefore, a less than optimal data visualization may be used by the
auditor to identify anomalies and assess risk. If auditors cannot always recognize the most optimal
visualization choice (e.g., Baaske 2021) and do not always apply appropriate levels of professional
skepticism when using the tools (e.g., PCAOB 2017), they will not always recognize the extent of
the fit (or lack thereof) of the visualization form with the underlying client circumstances.
Therefore, I predict that auditors will anchor on the initial visualization. I rely on the anchoring
effect (Tversky and Kahneman 1974) to hypothesize that auditors who are initially provided a
more (less) optimal visualization in relation to the underlying data will be better (worse) at finding
seeded anomalies given that they will anchor on this more (less) optimal visualization. Following
the same anchoring rationale, auditors who are initially provided a more (less) optimal
visualization in relation to the underlying data will assess risk as higher given that they will be
more likely to identify the risks associated with the account (i.e., identify the anomalies).
Hypothesis 1: Auditors’ who are provided data analytic visualization forms that are more
(less) optimal in relation to the underlying data will be more (less) accurate at anomaly
identification which will lead to a higher (lower) risk assessment.
2.3 Mindset Theory
Researchers argue that accounting studies should begin to focus on auditors’ mental models
(e.g., mindsets) when performing data analytic work (Brown-Liburd et al. 2015; Early 2015). A
mindset is a general state of mind that includes the judgment criteria and cognitive processes that
create a predisposition or readiness to respond to a task in a certain manner, but it is not specific
to the task (Gollwitzer 1990). For example, when a mindset is activated, it persists for some
duration and subsequently influences potentially unrelated tasks without the individual’s
awareness (Gollwitzer 1990). Once activated to assist in completion of one task, a mindset can
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influence judgment and decision-making in subsequent tasks even when the goal and content of
that task is very different (Wyer and Zu 2010).
Varying mindsets lead individuals to focus on different kinds of information and to
differentially process that information. Mindsets influence the features of the problem included in
the problem representation (Gollwitzer 1993; Gollwitzer, Fujita, and Oettingen 2004), the
information searched for during the task (Heckhausen and Gollwitzer 1987), and the processing
and evaluation of information during the task (Gollwitzer, Heckhaus, and Steller 1990; Taylor and
Gollwitzer 1995). Research in accounting finds that judgment and decision quality is higher when
there is a good match between an individual’s mindset and the demands of a task (Griffith, Kadous,
and Young 2016; Nolder and Kadous 2018).
Action Phase Theory (Gollwitzer 1990) focuses on two mindsets relevant to judgment and
decision-making: the deliberative mindset and the implemental mindset. The deliberative mindset
typically facilitates the identification of the best course of action, including the consideration of
pros and cons, while the implemental mindset facilitates efficiency after the course of action is
chosen (Gollwitzer 1990). A mindset can influence one to focus on obviously task-relevant
information to complete a task efficiently (i.e., implemental), or it can encourage a broad, unbiased
search and consideration of information (i.e., deliberative). For example, an implemental mindset
cultivates a smaller focus on obviously task-relevant information and linear processing of
information that supports the goal or preference (Heckhausen and Gollwitzer 1987, Henderson,
De Liver, and Gollwitzer 2008). On the other hand, a deliberative mindset cultivates a focus of
attention beyond obvious task-relevant information. A deliberative mindset increases attention to
supplementary information (Fujita, Gollwitzer, and Oettingen 2007), and fosters unbiased
information processing (Beckman and Gollwitzer 1987; Taylor and Gollwitzer 1995). Individuals
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in the deliberative mindset are more likely to seek out information regardless of whether it
confirms or disconfirms their previously set expectations (Bayer and Gollwitzer 2005). Thus,
mindsets are particularly influential in complex judgment and decision-making contexts, such as
in various auditing tasks (Griffith et al. 2016).
Griffith et al. (2015) find that auditors tend to naturally skip to the implemental mindset,
but when they are prompted into the deliberative mindset first, they are more likely to critically
evaluate evidence to identify seeded issues, to evaluate a biased estimate as less reasonable, and
to take appropriate action when auditing complex estimates. In the implemental mindset, auditors
do not always approach the evidence in a manner conducive to unbiased critical thinking or apply
appropriate levels of professional skepticism (Nolder and Kadous 2018). Following the same logic,
the implemental mindset may limit auditors’ ability to recognize risks in the risk assessment phase
of an audit because the implemental mindset can limit an auditors’ likelihood to consider relevant
information, just as it has been found to limit auditors’ ability to recognize contradictions and
inconsistencies among evidence items for complex estimates (e.g., Griffith et al. 2015).
Accordingly, as auditors are still getting accustomed to the use of data analytic visualizations and
are still learning how to derive meaningful information from them (Brown-Liburd et al. 2015), the
implemental mindset could be especially detrimental in the audit context. Theory suggests that
mindsets can be activated by contextual factors (Gollwitzer 1990), such as documentation
requirements (Nolder and Kadous 2018); therefore, this study explores the efficacy of a
documentation intervention aimed at putting auditors in the right mindset to interact with the data
analytic tools and detect anomalies using data visualizations.
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2.4 Documentation Focus
Although Auditing Standard No. 3 requires an auditor to prepare documentation in support
of the procedures, evidence, and conclusions reached (PCAOB 2004), the form of the
documentation can vary in practice (Agoglia, Beaudoin, and Tsakumis 2009). For example,
documentation may differ between audit firms due to additional firm-developed guidance and
documentation may differ within audit firms due to manager or partner preferences. Prior research
finds that the documentation requirements given to auditors changes the content of their
documentation and influences their judgment and decision-making (e.g., Agoglia et al. 2009;
Agoglia, Kida, and Hanno 2003; Austin et al. 2020). In two related studies, Agoglia et al. (2003;
2009) examine three separate documentation formats for justification memos on internal control
judgments: component documentation, holistic balanced documentation, and holistic supporting
documentation. They find that auditors using components documentation (i.e., addressing
components of an internal control system separately in the documentation) more inappropriately
evaluate internal control than auditors using a more holistic (i.e., addressing the overall internal
control system together in the documentation) balanced or supporting documentation style.
Balanced focus documentation format required the auditor to document positive and negative
evidence about the internal control environment whereas supporting focus documentation format
required the auditor to provide evidence supporting the conclusion. The results of both studies
provide support for the holistic documentation style but did not provide support for differences in
the balances versus supporting documentation style when documenting evidence items about a
client’s internal control system.
Austin et al. (2020) examine whether auditors using balanced documentation focus (i.e.,
focus on documenting evidence that supports and contradicts the auditor’s conclusion) as opposed
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to supporting focus (i.e., focus on documenting evidence that supports the auditor’s conclusions)
are less likely to dismiss evidence that contradicts management’s estimates and are more effective
at evaluating management’s estimates. Contrary to Agoglia et al. (2003; 2009), they do find that
balanced versus supporting documentation differentially impacts auditor outcomes when
documenting evidence about the auditors’ own preliminary conclusions because it changes the
auditor’s tendency to be dismissive of contradicting evidence. Additionally, their findings provide
support that auditors using balanced (supporting) focus documentation are more effective at
evaluating management’s estimates. Their research supports the notion that documentation focus
changes auditors’ cognition about the meaning of evidence rather than simply changing the way
that evidence is documented (Austin et al. 2020).
Given that documentation focus leads auditors to differentially process information cues
(e.g., Austin et al. 2020) and mindsets influence the processing and evaluation of information
during a task (Gollwitzer, Heckhaus, and Steller 1990; Taylor and Gollwitzer 1995), I predict that
the documentation focus is encouraging differential mindsets. I therefore extend Austin et al.’s
(2020) findings and test whether the balanced documentation focus encourages the auditor to adopt
the deliberative mindset, given that it entails an unbiased consideration of both sides, overcoming
the auditor’s natural tendency to skip to the implemental mindset. 2 Given prior research in
mindsets, I expect those in the deliberative mindset to spend more time searching for information,
search for a greater amount of information, and acknowledge more conflicting evidence than those
in the implemental mindset because the deliberative mindset encourages an unbiased consideration

Consistent with prior researchers, I also presume that auditors’ have a natural tendency to acquire an implemental
mindset because the audit environment encourages completion goals (Griffith et al. 2015)
2
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of not just supporting items, but also conflicting items. Thus, those in the deliberative
(implemental) mindset should also dismiss seeded issues less (more).
A deliberative mindset triggered by the balanced focus documentation should lead auditors
to deliberate about information cues; in the risk assessment setting, this means that auditors would
deliberate about information cues that increase the risk of material misstatement (i.e., high risk
items) and decrease the risk of material misstatement (i.e., low risk items) related to the client
context. On the contrary, the implemental mindset triggered by the supporting focus
documentation should lead auditors to dismiss evidence that contradicts their preliminary
conclusions about the risk of material misstatement. Prior research in accounting estimates
suggests that the act of creating documentation that is more critical of managements estimate
increases auditors’ concern about the reasonableness of the estimate. In the context of risk
assessment, I predict that the documentation’s increased focus on contradictions will lead auditors
to think critically about the information in the risk assessment that supports either a high or low
risk of material misstatement. The heightened concern may lead an auditor to recognize the need
to adjust a data analytic visualization to identify anomalies (i.e., a risk). Additionally, the
heightened concern over evidence will influence subsequent judgments and decisions related to
that evidence (Austin et al. 2020; Hammersley 2006). Based on the combination of research in
mindset and documentation, I posit that regardless of the initial form of the visualization provided,
the balanced (supporting) focus documentation will enhance (diminish) auditors’ ability to make
use of data visualizations to identify anomalies (i.e., risks) and to more critically evaluate the
potential risk assessment insight that can be drawn from them as evidence due to changes in
mindset.
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Hypothesis 2: Auditors instructed to provide balanced (supporting) focus documentation
will be more (less) accurate at anomaly identification which will lead to a higher (lower)
risk assessment.
Although I predict a main effect of documentation focus in hypothesis 2, I predict an overall
ordinal interaction because consistent with mindset theory the utility of the balanced focus
documentation should be particularly pronounced when auditors initially receive a less optimal
visualization. Assuming auditors anchor on the initial visualization, the anchoring will only be
problematic for anomaly identification when they receive a less optimal visualization. Therefore,
the documentation focus intervention is especially needed when auditors receive a less-thanoptimal visualization to reduce the tendency to anchor on that suboptimal form. The balanced
focus documentation should lead auditors to adopt the deliberative mindset which is conducive to
thinking critically about information cues during the risk assessment and recognizing the need to
interact with the data visualization and not take it at face value. However, when auditors receive a
more optimal visualization, the need to adopt a deliberative mindset to critically search for highrisk items or cognitively process audit issues is reduced because the auditor can easily recognize
anomalies by viewing the initial visualization. The balanced documentation focus is not imperative
in this condition because there is no need to interact with the visualization. Given that they can
identify the anomalies without interacting with the visualization, they can recognize the heightened
risk without having to exert additional effort. In other words, the documentation focus intervention
is of greater value when auditors receive a less optimal visualization than when they receive a
more optimal visualization, as depicted in Figure 1.
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Hypothesis 3: When auditors are provided a less optimal visualization, auditors instructed
to provide balanced (supporting) focus documentation will be more (less) accurate at
anomaly identification which will lead them to a higher (lower) risk assessment. When
auditors are provided a more optimal visualization, documentation focus will have no effect

Anomaly Identification

on anomaly identification.

Supporting Focus

Balanced Focus
Less Optimal

FIGURE 1 Graph of Hypothesized Interaction

22

More Optimal

3. METHOD
I test my hypotheses using a 2x2 between-participant experimental design in which I
manipulate initial data visualization form (less versus more optimal) and documentation focus
(balanced versus supporting) for risk assessment evidence. I analyze the influence of these
variables on risk assessment judgment and decision-making, as measured by anomaly
identification performance, assessed risk of material misstatement (i.e., judgment), and proposed
budget changes (i.e., decision). The following subsections describe the variables, participants, and
experimental task.
3.1 Independent Variables
My first manipulated variable of interest is the initial data visualization form. Participants
in one condition receive a more optimal visualization while participants in the other condition
receive a less optimal visualization in relation to the underlying data. All participants receive a
link to the “firm’s data analytics visualization” of revenue with which they can choose to interact.
In the less optimal visualization condition, as shown in Appendix B, participants are initially
provided with a line graph of revenue data by month; in the more optimal visualization condition,
as shown in Appendix C, participants are initially provided with a line graph of revenue data by
week. The data is best (i.e., optimally) shown in disaggregated form by week because of the
specific client context provided in the case. One of the fraud brainstorming risks mentioned within
the case states: “A manual period-end journal entry is booked to make the needed downward
adjustment to revenue based on an estimate of shipments that were not delivered in the last week
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of the month.” Regardless of the initial form of the data visualization, participants are told that
they may interact with the visualization using the “firm’s data analytics tool” and may do so an
unlimited number of times.
The second manipulated variable of interest is documentation focus. During the
instructions, all participants receive a pre-formatted note sheet that they use to document evidence
that will help them assess risk over revenue. Participants receive a note sheet that requires either
supporting focus documentation or balanced focus documentation. Adapted from Austin et al.
(2020), the supporting documentation focus participants receive these instructions:
While you are gathering information, you will document the specific information (i.e.,
evidence) here that will help you conclude about the risk of material misstatement over
revenue. You will use these notes to conclude, then document reasons for your assessed
risk of material misstatement over revenue.
Furthermore, the supporting documentation focus notes includes one large table where they
organize the gathered information. On the contrary, the balanced documentation focus note sheet
includes a section of the table where the participants will include the requested inconsistent or
contradicting information. Adapted from Austin et al. (2020), the balanced documentation focus
participants receive these instructions:
While you are gathering information, you will document the specific information (i.e.,
evidence) here that will that help you conclude about the risk of material misstatement
over revenue. You will use these notes to conclude, then document reasons for your
assessed risk of material misstatement over revenue. Consequently, be sure to include in
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your documentation any issues identified that are inconsistent with or contradict your
conclusion about the risk of material misstatement over revenue.
3.2 Mediating Variables
This paper explores the documentation focus intervention aimed at invoking either a
deliberative or implemental mindset. Therefore, I include various measures for mindset and
supplementally analyze them as both a mediating variable. I use the same dismissiveness of seeded
issues measure used by Austin et al. (2020) as one of my mediating measures for mindset. The
measure involves a binary coding of 1 if the participant makes no mention of the seeded audit issue
in the documentation or 0 if the participant mentions the seeded audit issue in the documentation.
I measure the time spent on the search for information, as well as the time spent interacting with
the visualizations, in minutes. I measure the amount of information considered with a word count
of the note-taking documentation and I code the number of high-risk items referenced in the notetaking documentation. Given prior research in mindsets, those in the deliberative (implemental)
mindset are expected to interact more (less) with the visualizations (i.e., INTERACTIONS; TIMEVISUALS), spend more (less) time searching for information (i.e., TIME – INFO), search for a
greater (lesser) amount of information (i.e., WORD COUNT), acknowledge more (less)
conflicting evidence (i.e., HIGH-RISK ITEMS), and dismiss seeded issues less (more) (i.e.,
DISMISSIVENESS).
3.3 Dependent Variables
The purpose of this study is to examine judgment and decision-making in the risk
assessment phase of an audit when data analytic visualizations are used. I will therefore examine
anomaly identification performance and risk assessment judgments and decisions as dependent
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variables. There are six anomalies seeded within the dataset, so participants can recognize
anywhere between 0 and 6 of the true anomalies. Participants receive a true positive measure 3 of
accuracy between 0 and 1 (1 point for each true anomaly they can appropriately identify divided
by 6 possible true anomalies) which will serve as one of the dependent measures for anomaly
identification performance. Participants also receive a positive predictive measure of accuracy (1
point for each true anomaly they can appropriately identify divided by the total number of
anomalies they indicate) which will serve as a second dependent measure for anomaly
identification performance. Additionally, as a judgment measure, participants are asked to indicate
their assessment of the risk of material misstatement for revenue based on the information gathered
so far on a scale of 0 to 10 where 0 means very low risk, 5 means moderate risk, and 10 means
very high risk (Popova 2018). As a decision measure, participants are asked to assess the audit
effort necessary to substantively test revenue by indicating changes from the prior year audit
budget for revenue. The 10-point Likert scale ranges from -5 (i.e., decrease budget) to 0 (i.e., no
change in budget) to 5 (i.e., increase budget).
3.4 Participants
Participants in this study were 86 graduate and undergraduate accounting students at
various private and public universities across southern United States. I obtained an initial sample
size of 104 participants. I removed 6 participants because their survey was not 100% complete.
Additionally, given that this is a study exploring the influences of documentation focus, I removed
those participants who did not make use of the documentation as was requested. I removed an
additional 10 participants who did not fill out their documentation at all (0 words represents the

The true positive measure is consistent with the sensitivity statistical method used in diagnostic medicine which
refers to the ability to detect a condition when it is present (Zhou, Obuchowski, and McClish 2002).
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5th percentile of participants for documentation word count). Finally, I removed an additional 2
participants who spent less than 39.36 seconds on the information gathering page (39.36 seconds
represents the 5th percentile of participants for total time). Therefore, my final sample size is 86.
The student participants serve as a proxy for novice auditors with little to no audit
experience in this study. The use of students as participants in the experiment is appropriate as
public accounting firms are expecting incoming auditors to fill a new role in which they will use
data visualization tools to identify risky patterns or anomalies in underlying data (PwC 2015).
Additionally, prior literature encourages the use of students where a more experienced participant
pool is not necessary (e.g., Libby, Bloomfield, and Nelson 2002). At a minimum, participants will
need to have a general understanding of business risks and audit risks to assess the risk of material
misstatement, so I sought students who had taken both the Audit course and the Accounting
Information Systems course. Because I find that audit experience (i.e., months of audit work
experience) interacts with my manipulations for various dependent measures in my study, I sought
a sample of graduate and undergraduate accounting students with some audit experience so that I
can supplementally support my findings using only students with at least some audit experience.
The supplemental robustness analysis of students with at least some audit experience has a sample
size of 30 which is sufficient given that the observed power is close to 1; the observed power of
the overall model to analyze the robustness is 0.953 and 0.965 for the true positive rate and positive
predictive rate robustness model, respectively.
Of all 86 participants, 31 percent were male, and the average age was 26.51 years old. On
average, participants had about 3.76 months of audit experience and a 3.58 accounting GPA. They
reported an average familiarity with data analytic visualization tools as 6.48 on an 11-point Likert
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scale anchored at 0 = “low levels,” 5 = “moderate levels,” and 10 = “high levels.” In Table 1, I
present the demographic profile of participants partitioned by condition.
Sample statistics demonstrate no significant differences in participant demographics across
the four conditions, indicating that random assignment was effective. The Chi-Square test on
gender distribution indicates that males and females are equally distributed among the found
conditions (x2 (3, n = 86) = 2.998, p = 0.392). The one-way ANOVA test shows an insignificant
between group difference for age (F = 0.381, p = 0.767). The one-way ANOVA test shows an
insignificant between group difference for audit experience (F = 1.027, p = 0.385). Although the
one-way ANOVA test shows a significant group difference for accounting knowledge (F = 4.429,
p = 0.006), accounting knowledge is not a significant covariate in any of the models for testing
hypotheses (p > 0.10). The one-way ANOVA test shows an insignificant between group difference
for familiarity (F = 1.837, p = 0.147).
TABLE 1:
Demographic Profile of Participants by Condition
Frequency or Mean (Standard Deviation)
Audit
Condition
Gender
Age
Experience
Supporting focus/Less optimal
Male = 4
25.94
3.194
N = 18
Female = 14
(7.320)
(6.066)

Accounting
Knowledge
3.751
(0.219)

Supporting focus/More optimal
N = 25

Male = 9
Female = 16

27.96
(9.528)

7.280
(21.236)

3.404
(0.316)

6.40
(2.291)

Balanced focus/Less optimal
N = 21

Male = 9
Female = 12

25.90
(6.139)

2.048
(3.278)

3.615
(0.344)

7.43
(1.938)

Familiarity
5.94
(2.508)

Balanced focus/More optimal
Male = 5
25.91
1.864
3.594
6.09
N = 22
Female = 17
(8.360)
(4.744)
(0.352)
(2.202)
Notes:
Audit Experience = Participants’ audit-related work experience in months
Accounting Knowledge = Participants’ accounting GPA with a maximum of 4.0.
Familiarity = Participants indicate their level of familiarity using data analytic visualization tools (e.g., Tableau)
using an 11-point Likert scale anchored at 0 = “low levels,” 5 = “moderate levels,” and 10 = “high levels.”
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3.5 Experimental Task
Participants complete the experiment in Qualtrics, a web-based survey application. They
begin by responding to the Hurtt (2010) inherent professional skepticism scale. This professional
skepticism score serves as a baseline for each participant’s tendency to be deliberative because
auditing standards describe professional skepticism using terms that mirror those used to describe
the deliberative mindset (Nolder and Kadous 2018). Next, participants take an online Spatial
Aptitude test to capture their inherent spatial abilities given I find that spatial abilities are
significantly related to various aspects of anomaly identification performance in an initial study in
this domain (Baaske 2021). In the results section, each table indicates whether professional
skepticism and/or spatial abilities was included in the analysis based on whether it was a significant
covariate.
Participants are asked to assume the role of an auditor for a hypothetical client. They are
told they will be performing the risk assessment over revenue as part of planning for the audit.
Then, they are given a set of instructions for the case, including the link to either the supporting
documentation focus notes or the balanced documentation focus notes. Included in the instructions
is a link to a pre-formatted Word file. Participants are told that they should take notes on the file
to eventually give reasons for their risk assessment decisions. Participants must use the notes to
document reasons for the risk assessment, as well as upload the notes at the end of the experiment
in the Post-Experimental Questionnaire. Participants then begin the information gathering phase
of the experiment which includes: a brief client background, a statement of prior years’ unqualified
audit opinions, a link to the year-over-year comparison of revenue (including the audit team’s
independent revenue growth expectations), a link to the manipulated revenue visualization (a line
graph that shows either weekly or monthly revenue), and a link to the fraud brainstorming notes.
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Participants can see the following seeded audit issue (i.e., an opportunity for fraud) in the fraud
brainstorming notes:
Revenue is automatically booked when a shipment leaves the warehouse, but revenue is
adjusted downwards at period-end based on the amounts of shipments that have not yet
been delivered to the customer within the past week (i.e., FOB Destination terms)… A
manual period-end journal entry is booked to make the needed downward adjustment to
revenue based on an estimate of the shipments that were not delivered in the last week of
the month.
Finally, participants choose whether they want to interact with the revenue visualization
or if they are finished gathering information for the final risk assessment. Participants can choose
to view revenue data as a total dollar amount, as an average, or as a count of transactions each with
a line graph, bar graph, or a bubble graph. Each graph can also be viewed by week, by month, or
by quarter. After the participant is finished gathering information, the risk assessment judgment
and decision-making dependent variables are collected. Next the participants are asked to identify
the anomaly(ies), if any, that were identified in the data analytic visualization that represent a risk,
and any other relevant information that was informative to the assessment of material misstatement
for revenue. Lastly, participants move to the final screen on Qualtrics where they completed the
post-experimental questionnaire, including manipulation checks and demographic information.
Demographic questions include gender, age, auditing experience, accounting knowledge, and
familiarity with visualization tools. Participants upload their note-taking documentation file on the
final page.
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4. RESULTS
The sample size for data analysis is 86 unless otherwise noted. I conducted a power analysis
after data collection using G*Power (Faul, Erdfelder, Lang, and Buchner 2007) to determine the
size of effects that could be detected given a sample size of 86 and four between-subject conditions
given power = 0.80. I aimed to achieve adequate power to detect at least medium-sized effects
(Effect size = 0.25) because these are deemed to be of practical value. Given constraints in
obtaining a larger sample size, I needed to adopt an alpha of 0.10 to achieve the necessary power
for detecting medium-sized effects. Using an alpha of 0.10 for all hypothesized main effects and
interactions, I was able to achieve adequate power (0.80) to detect effects close to medium (Effect
size = 0.27), with just under the desired power level (0.74) to detect medium effects (Effect size =
0.25).
On average, participants attended to the manipulated variables as verified by the
manipulation check analysis in Table 2. The first manipulation check analysis was for the initial
visualization format manipulation. Participants were asked to indicate the extent to which they
agreed with the following statement: “It was only after I interacted with and changed the initial
data analytic visualization that I was able to see an unusual pattern in the current year versus prior
year sales” on an 11-point Likert scale anchored at 0 = “strongly disagree,” 5 = “neutral,” and 10
= “strongly agree.” The independent T-test results in Panel B show that participants in the less
optimal visualization condition agreed with the statement more than the participants in the more
optimal visualization condition (mean 7.31, p = 0.007, 1-tailed). The second manipulation check
analysis was for the documentation focus manipulation. The independent T-test results in Panel C
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show that participants in the supporting documentation focus condition reported a greater number
of items in support of the risk of material misstatement over revenue in their documentation than
participants in the balanced documentation focus condition (mean 3.14, p = 0.098, 1-tailed).
TABLE 2:
Manipulation Check Tests
Panel A: Means [Standard Deviations]

Comparison Group: Visualization Form
Manipulation Check

Comparison Group: Number of High-Risk
Items

Manipulation: Visualization Form
Less Optimal
More Optimal
Overall
8.10
6.66
7.31
[2.371]
[2.884]
[2.745]
n = 39
n = 47
n = 86
Manipulation: Documentation Focus
Supporting Focus
Balanced Focus
Overall
3.60
2.67
3.14
[4.077]
[2.296]
[3.323]
n = 43
n = 43
n = 86

Panel B: Pairwise Comparisons – Visualization Form on Visualization Form Manipulation Check
Comparison
Less Optimal –
More Optimal

Mean
Difference
1.443

Interpretation
Less Optimal > More
Optimal

P-Value (1tailed)

Lower
Limit

Upper
Limit

0.007

0.295

2.590

Panel C: Pairwise Comparisons – Documentation Focus on Number of High-Risk Items
Comparison
Supporting Focus –
Balanced Focus

Mean
Difference
0.930

Interpretation
Supporting Focus >
Balanced Focus

P-Value (1tailed)

Lower
Limit

Upper
Limit

0.098

-0.489

2.349

Notes:
Visualization Form Manipulation Check = Participants indicate the extent to which they agreed with the
following statement: “It was only after I interacted with and changed the initial data analytic visualization that I
was able to see an unusual pattern in the current year versus prior year sales” on an 11-point Likert scale anchored
at 0 = “strongly disagree,” 5 = “neutral,” and 10 = “strongly agree.”
Number of High-Risk Items = Number of individual high-risk items included in documentation

4.1 Tests of Hypothesis 1
Panel A of Table 3 provides descriptive statistics of the dependent variables for anomaly
identification performance, the true positive rate and positive predictive rate, at each of the
manipulated conditions. Given that the descriptive statistics indicate a somewhat unequal
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distribution of sample size between the less optimal versus more optimal visualization form
conditions, I ran Levene’s test for homogeneity of variances. The null hypothesis that the
visualization form groups each have equal population variances is rejected for both the true
positive rate (p = 0.000) and the positive predictive rate (p = 0.000) indicating that I cannot assume
equal variances in my ANCOVA analysis. As such, I report the Welch statistic for unequal
variances to support the robustness of all my visualization form results in Panel D.
The true positive rate and the positive predictive rate are significantly correlated at the
p=0.010 level (2-tailed). Therefore, both were analyzed as dependent variables in the MANCOVA
prior to the univariate analyses. Panel B reports the results of the two-way MANCOVA for
anomaly identification performance and Panel C reports the results of the one-way ANCOVA for
each of the dependent measures. Familiarity with data analytic visualization tools and inherent
professional skepticism are included as covariates because they are each significantly related to at
least one of the dependent measures, as shown in Panel B of Table 3 (respectively, F = 4.825, p =
0.011; F = 0.856, p = 0.002). Gender, age, audit experience, accounting knowledge, and spatial
abilities are not included as covariates because they are not significantly related to these dependent
measures.

33

TABLE 3:
Effect of Independent Variables on Anomaly Identification Performance
Panel A: Means [Standards Deviations]
Dependent Variables
Visualization Form

Documentation Focus
Supporting focus Balanced focus
0.102
0.048
[0.182]
[0.159]
n = 18
n = 21
0.200
0.280
[0.245]
[0.319]
n = 25
n = 22
0.159
0.167
[0.224]
[0.277]
n = 43
n = 43
0.207
0.030
[0.377]
[0.098]
n = 18
n = 21
0.344
0.380
[0.403]
[0.395]
n = 25
n = 22
0.287
0.209
[0.394]
[0.338]
n = 43
n = 43

Less optimal

DV: True Positive Rate

More optimal
Overall
Less optimal
DV: Positive Predictive Rate
More optimal
Overall

Panel B: MANCOVA Results for True Positive Rate and Positive Predictive Rate
Familiarity
Professional Skepticism
Visualization Form
Documentation Focus
Viz Form x Doc Focus

Wilk’s Lambda

F-value

Error df

0.891
0.856
0.843
0.956
0.913

4.825
6.638
7.376
1.833
3.741

79
79
79
79
79

Panel C: ANCOVA Results for True Positive Rate and Positive Predictive Rate
Type III SS
df
MS

Overall
0.073
[0.170]
n = 39
0.238
[0.282]
n = 47
0.163
[0.250]
n = 86
0.112
[0.277]
n = 39
0.361
[0.395]
n = 47
0.248
[0.367]
n = 86
p-value
(2-tailed)
0.011
0.002
0.001
0.167
0.028

F-value

p-value
(2-tailed)

True Positive Rate:
Corrected Model
Familiarity
Professional Skepticism
Visualization Form
Documentation Focus
Viz Form x Doc Focus
Error

1.411
0.093
0.532
0.464
0.006
0.209
3.921

5
1
1
1
1
1
80

0.235
0.093
0.532
0.464
0.006
0.209
0.050

5.755
1.897
10.844
9.464
0.125
4.263

0.000
0.172
0.001
0.003
0.725
0.042

Positive Predictive Rate:
Corrected Model
Familiarity
Professional Skepticism
Visualization Form
Documentation Focus
Viz Form x Doc Focus
Error

3.779
0.934
0.822
1.159
0.326
0.626
7.646

5
1
1
1
1
1
80

0.756
0.934
0.822
1.159
0.326
0.626
0.096

7.909
10.027
8.602
12.126
3.414
6.553

0.000
0.002
0.004
0.001
0.068
0.012
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TABLE 3 (Continued):
Panel D: Test of Hypotheses 1 and 2
Dependent Variables

Hypothesis

Results

1-tailed Significance (Refer
to Panel C for 2-tailed)
0.002
(Welch: 0.001)

H1: More optimal > Less
Supported
optimal visualization form
DV: True Positive Rate
H2: Balanced focus >
Not
0.363
Supporting focus
supported
H1: More optimal > Less
0.001
Supported
optimal visualization form
(Welch: 0.001)
DV: Positive Predictive Rate
H2: Balanced focus >
Not
0.034
Supporting focus
supported a
a
Although there is a statistically significant relationship between documentation focus and the positive predictive
rate, it is in the opposite direction of the hypothesis. The implication of this result is discussed in section 6 and the
significant interaction between visualization form and documentation focus is analyzed in section 4.3.
Notes:
True Positive Rate = True anomalies identified / 6 total seeded anomalies
Positive Predictive Rate = True anomalies identified / (True anomalies identified + False positive anomalies
identified)

H1 predicts that auditors’ who are provided data analytic visualization forms that are more
(less) optimal in relation to the underlying data will be more (less) accurate at anomaly
identification which will lead to a higher (lower) risk assessment. The univariate results reported
in Panel C and Panel D of Table 3 indicate that the true positive rate (mean 0.163, p = 0.002, 1tailed) and the positive predictive rate (mean 0.248, p = 0.001, 1-tailed) is greater for those that
initially received a more optimal visualization compared to those that initially received a less
optimal visualization. Therefore, the first part of H1 is supported, but I also test whether the
anomaly identification accuracy driven by visualization form leads to a higher risk assessment.
Panel A of Table 4 provides descriptive statistics of the dependent variables for risk
assessment judgments and decisions, the risk of material misstatement and budget changes, at each
of the manipulated conditions. Given that the descriptive statistics indicate a somewhat unequal
distribution of sample size between the less optimal versus more optimal visualization form
conditions, I ran Levene’s test for homogeneity of variances again. The null hypothesis that the
visualization form groups each have equal population variances is not rejected for the risk of
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material misstatement (p = 0.698) but is marginally rejected for the budget changes (p = 0.054),
indicating that I can assume equal variances for the risk of material misstatement and cannot
assume equal variances for budget changes in my ANCOVA analysis. As such, I report the Welch
statistic for unequal variances to support the robustness of budget change results for visualization
form in Panel D.
The risk of material misstatement and budget changes over revenue are significantly
correlated at the p=0.010 level (2-tailed). Therefore, both were analyzed as dependent variables in
the MANCOVA prior to the univariate analyses. Panel B reports the results of the two-way
MANCOVA for risk judgment and decision-making and Panel C reports the results of the oneway ANCOVA for each of the dependent measures. Familiarity with data analytic visualization
tools and inherent professional skepticism are included as covariates because they are each
significantly related to at least one of the dependent measures, as shown in Panel B of Table 4
(respectively, p = 0.053; p = 0.001, 1-tailed). Gender, age, audit experience, accounting
knowledge, and spatial abilities are not included as covariates because they are not significantly
related to these dependent measures.
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TABLE 4:
Effect of Independent Variables on Risk Assessment
Panel A: Means [Standards Deviations]
Dependent Variables
Visualization Form

Documentation Focus
Supporting focus Balanced focus
6.33
7.29
[1.815]
[2.305]
n = 18
n = 21
6.80
6.59
[2.566]
[1.919]
n = 25
n = 22
6.60
6.93
[2.269]
[1.120]
n = 43
n = 43
6.94
8.24
[1.697]
[2.211]
n = 18
n = 21
7.60
7.27
[1.658]
[1.453]
n = 25
n = 22
7.33
7.74
[1.686]
[1.904]
n = 43
n = 43

Less optimal

DV: Risk of Material
Misstatement

More optimal
Overall
Less optimal
DV: Budget Changes
More optimal
Overall

Panel B: MANCOVA Results for Risk of Material Misstatement and Budget Changes
Familiarity
Professional Skepticism
Visualization Form
Documentation Focus
Viz Form x Doc Focus
Panel C: ANCOVA Results

Wilk’s Lambda

F-value

Error df

0.967
0.801
0.992
0.988
0.961

1.358
9.842
0.338
0.500
1.597

79
79
79
79
79

Overall
6.85
[2.122]
n = 39
6.70
[2.264]
n = 47
6.77
[2.189]
n = 86
7.64
[2.071]
n= 39
7.45
[1.558]
n = 47
7.53
[1.800]
n = 86
p-value
(2-tailed)
0.263
0.000
0.714
0.609
0.209

Type III SS

df

MS

F-value

Risk of Material Misstatement:
Corrected Model
Familiarity
Professional Skepticism
Visualization Form
Documentation Focus
Viz Form x Doc Focus
Error

p-value
(2-tailed)

106.255
9.678
74.223
1.872
0.017
0.772
301.094

5
1
1
1
1
1
80

21.251
9.678
74.223
1.872
0.017
0.772
3.764

5.646
2.572
19.271
0.497
0.004
0.205

0.000
0.113
0.000
0.483
0.947
0.652

Budget Changes:
Corrected Model
Familiarity
Professional Skepticism
Visualization Form
Documentation Focus
Viz Form x Doc Focus
Error

32.234
0.118
12.956
1.330
2.789
9.683
243.161

5
1
1
1
1
1
80

6.447
0.118
12.956
1.330
2.789
9.683
3.040

2.121
0.039
4.262
0.437
0.917
3.186

0.071
0.844
0.042
0.510
0.341
0.078
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TABLE 4 (Continued):
Panel D: Test of Hypotheses 1 and 2
Dependent Variables

Hypothesis

Results

1-tailed Significance (Refer
to Panel C for 2-tailed)

H1: More optimal > Less
Not
0.242
optimal visualization form
supported
H2: Balanced focus >
Not
0.474
Supporting focus
supported
H1: More optimal > Less
Not
0.255
optimal visualization form
supported a
(Welch: 0.631)
DV: Budget Changes
H2: Balanced focus >
Not
0.171
Supporting focus
supported a
a
The significant interaction between visualization form and documentation focus on budget changes is analyzed in
section 4.6.
DV: Risk of Material
Misstatement

Notes:
Participants assess risk of material misstatement for revenue based on the gathered information using an 11-point
Likert scale anchored at 0 = “very low risk,” 5 = “moderate risk,” and 10 = “very high risk.”
Participants assess budget changes necessary to substantively test revenue. They indicate changes from the prior
year to the current year budget based on the assessed risk using an 11-point Likert scale anchored at 0 = “decrease
budget,” 5 = “no change to budget,” and 10 = “increase budget.”

The univariate results reported in Panel C and Panel D of Table 4 indicate that visualization
form is not significantly related to risk of material misstatement (mean 6.77, p = 0.185, 1-tailed)
or budget changes (mean 7.53, p = 0.245, 1-tailed). Although there is not direct main effect, H1
hypothesizes a mediating relationship with anomaly identification as the mediator. After
performing a mediation analysis in Figure 2 using Hayes PROCESS model 4 (Hayes 2017), it was
determined that there is a significant indirect effect of visualization form on the risk of material
misstatement, through anomaly identification as the mediator, as hypothesized. The overall model,
when using the true positive rate as the mediator, is significant (R2 = 0.333, F(5, 80) = 8.002, p <
0.001). Although the direct effect of visualization form on risk of material misstatement was not
significant (Coefficient -0.713, 90% CI = -1.427; 0.002), the indirect effect of visualization form
on risk of material misstatement through the true positive rate was significant as indicated by the
bootstrapped intervals (Coefficient +0.410, 90% CI = 0.152; 0.714). Participants who initially
received a more optimal visualization were more accurate at anomaly identification, in terms of
the true positive rate (Coefficient +0.151, p = 0.003, 2-tailed), and in turn, assessed risk as higher
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(Coefficient +2.709, p = 0.004, 2-tailed). Similarly, the overall model, when using the positive
predictive rate as the mediator, was significant (R2 = 0.291, F(5, 80) = 6.559, p < 0.001). The direct
effect of visualization form on risk of material misstatement was not significant (Coefficient 0.603, 90% CI = -1.349; 0.144), but the overall indirect effect of visualization form on risk of
material misstatement through the positive predictive rate is significant as indicated by the
bootstrapped intervals (Coefficient +0.299, 90% CI = -0.036; 0.647). Participants who initially
received a more optimal visualization were more accurate at anomaly identification, in terms of
the positive predictive rate (+0.247, p = 0.001, 2-tailed), and in turn, assessed risk as higher
(+1.217, p = 0.064, 2-tailed). As such, H1 is supported.
4.2 Tests of Hypothesis 2
H2 predicts that auditors provided with balanced (supporting) focus documentation will
be more (less) accurate at anomaly identification which will lead to a higher (lower) risk
assessment. The univariate results reported in Panel C and D of Table 3 indicate that
documentation focus is significantly related to the positive predictive rate (mean 0.248, p =
0.034, 1-tailed), but does not indicate that there is a direct main effect on the true positive rate
(mean 0.163, p = 0.363, 1-tailed). However, the relationship between the documentation focus
and positive predictive rate is negative, meaning that those who used the supporting focus
documentation were more accurate at anomaly identification, which is the opposite of the
hypothesis. Therefore, the first part of H2 is not supported in the expected direction, but even so,
I also test whether the anomaly identification accuracy driven by the supporting focus
documentation leads to a higher risk assessment.
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Notes:
Visualization Form = 0 for less optimal visualization form; 1 for more optimal visualization form
True Positive Rate = True anomalies identified / 6 total seeded anomalies
Positive Predictive Rate = True anomalies identified / (True anomalies identified + False positive anomalies
identified)
Risk of Material Misstatement = Participants assess risk of material misstatement for revenue based on the gathered
information using an 11-point Likert scale anchored at 0 = “very low risk,” 5 = “moderate risk,” and 10 = “very high
risk.”
FIGURE 2 Tests of Hypothesis 1
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The univariate results reported in Panel C and Panel D of Table 4 indicate that
documentation focus is not significantly related to risk of material misstatement (mean 6.77, p =
0.474, 1-tailed) and budget changes (mean 7.53, p = 0.171, 1-tailed). The mediation analysis
using Hayes PROCESS model 4 (Hayes 2017) in Figure 3 confirms these results. The overall
model, when using the true positive rate as the mediator, is significant (R2 = 0.333, F(5,80) =
8.002, p < 0.000), but the bootstrapped confidence intervals do not support a direct (Coefficient
0.016, 90% CI = -0.654; 0.687) or an indirect (Coefficient -0.012, 90% CI = 0.260; 0.210)
relationship between documentation focus and risk of material misstatement. However, a
supplemental mediation analysis using Hayes PROCESS model 4 (Hayes 2017), shows that the
effect of documentation focus on anomaly identification is an indirect one, driven by the
measures for mindset, and there is significant interaction with visualization form; thus,
explaining the marginal significance for the direct main effects in Figure 3 . The mindset
measures are examined in a supplemental analysis in Section 5.1 and the interaction is examined
in Section 4.3. Even so, the effects of documentation focus on anomaly identification and risk
assessment do not appear to be driven by the balanced focus documentation as predicted.
Therefore, H2 is not supported because the indirect and interaction results were driven by
supporting focus documentation rather than balanced focus documentation. A discussion about
this finding is included within the concluding remarks.
4.3 Tests of Hypothesis 3
H3 predicts that when auditors are provided a less optimal visualization, auditors instructed
to provide balanced (supporting) focus documentation will be more accurate at anomaly
identification which will lead them to a higher (lower) risk assessment. When auditors are provided
a more optimal visualization, documentation focus will have no effect on anomaly identification.
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Panel C of Table 3 indicates there is a significant interaction between visualization form and
documentation focus on the true positive rate (p = 0.042, 2-tailed) and on the positive predictive
rate (p = 0.012, 2-tailed). Figure 4 and Figure 5 show the graph of the interactive relationship on
each measure. A post hoc analysis using Hayes PROCESS model 1 (Hayes 2017) of the interaction
on the true positive rate indicates, in Figure 6, that when participants received a less than optimal
visualization, the true positive rate marginally improved when they were asked to provide balanced
focus documentation (Coefficient -0.119, p = 0.100, 2-tailed). Similarly, as shown in Figure 7,
when participants received a less than optimal visualization, the positive predictive rate improved
significantly when they were asked to provide supporting focus documentation compared to when
they were asked to provide balanced focus documentation (coefficient -0.302, p = 0.004, 2-tailed).
However, the documentation focus made no difference on the true positive rate (Coefficient +0.08,
p = 0.196; 2-tailed) or the positive predictive rate (Coefficient +0.050, p = 0.580, 2-tailed) when
participants initially received a more optimal visualization.
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Notes:
Documentation Focus = 0 for supporting focus, 1 for balanced focus
True Positive Rate = True anomalies identified / 6 total seeded anomalies
Positive Predictive Rate = True anomalies identified / (True anomalies identified + False positive anomalies
identified)
Risk of Material Misstatement = Participants assess risk of material misstatement for revenue based on the gathered
information using an 11-point Likert scale anchored at 0 = “very low risk,” 5 = “moderate risk,” and 10 = “very high
risk.”
FIGURE 3 Tests of Hypothesis 2

Further analysis of the interaction in Figure 6 indicates that receipt of the more optimal
visualization compared to the less optimal visualization only helped with anomaly identification
when participants were using balanced focus documentation (coefficient +0.252, p = 0.001, 243

tailed), but the helpfulness of having the more optimal visualization diminished when participants
were using supporting focus documentation (coefficient +0.049, p = 0.487, 2-tailed). The results
are consistent when using the positive predictive rate measure in Figure 7; receipt of the more
optimal visualization compared to the less optimal visualization only helped improve the positive
predictive rate when participants were provided balanced focus documentation (coefficient
+0.414, p < 0.001, 2-tailed), but the helpfulness of having the more optimal visualization
diminished when participants were using supporting focus documentation (coefficient +0.062, p =
0.528, 2-tailed). Contrary to the predictions in H3, it appears that the balanced focus
documentation can be detrimental to anomaly identification in the risk assessment especially when
it is quite possible that a less than optimal visualization could be provided to the auditor. Although
there is a significant interaction between visualization form and documentation focus, the
improvement in results were again driven by the supporting focus documentation rather than the
balanced focus documentation. Therefore, H3 is not supported, but the interaction does support
the need for an intervention given the assumption that visualizations may sometimes be provided
in less-than-optimal form.
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0.048
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Supporting Focus

Balanced Focus

Less Optimal
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FIGURE 4 Graph of Interaction – True Positive Rate
0.38
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Positive Predictive Rate
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0.344
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0.1
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0.05
0

Supporting Focus

Balanced Focus

Less Optimal

FIGURE 5 Graph of Interaction – Positive Predictive Rate
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More Optimal

Notes:
Visualization Form = 0 for less optimal visualization form; 1 for more optimal visualization form
Documentation Focus = 0 for supporting focus; 1 for balanced focus
True Positive Rate = True anomalies identified / 6 total seeded anomalies
FIGURE 6 Tests of Significant Interaction – True Positive Rate
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Notes:
Visualization Form = 0 for less optimal initial visualization form; 1 for more optimal initial visualization form
Documentation Focus = 0 for supporting focus; 1 for balanced focus
Positive Predictive Rate = True anomalies identified / (True anomalies identified + False positive anomalies
identified)
FIGURE 7 Tests of Significant Interaction – Positive Predictive Rate

H3 also predicts how the initial data visualization form and documentation focus interact
to influence subsequent risk assessment judgments and decisions. Panel C of Table 3 indicates
there is not a significant interaction between visualization form and documentation focus on the
assessed risk of material misstatement over revenue (p = 0.458, 2-tailed). However, given that the
47

prior analyses indicated indirect effects of the independent variables on the risk of material
misstatement through anomaly identification, I re-analyze whether there is an interaction on the
risk of material misstatement through anomaly identification as a mediator using the moderatedmediation Hayes PROCESS model 8 in Figure 8 (Hayes 2017). The overall model of the
visualization form and documentation focus interaction on risk of material misstatement through
the true positive rate is significant (R2 = 0.345, F(6, 79) = 6.934, p < 0.001). There was no direct
effect of documentation focus on the risk of material misstatement as indicated by the bootstrapped
confidence intervals regardless of whether the initial visualization provided was less optimal
(Coefficient 0.576, 90% CI = -0.458; 1.609) or more optimal (Coefficient: -0.417, 90% CI = 1.322; 0.488). However, there was a significant indirect effect of documentation focus on the risk
of material misstatement only when the initial visualization provided was less optimal
(Coefficient: -0.352, 90% CI = -0.750; -0.048). Results in Panel A of Figure 8 marginally support
that when participants received a less optimal visualization, the supporting focus documentation
assisted with anomaly identification performance, as measured by the true positive rate
(Coefficient -0.119, p = 0.100, 2-tailed), which led to a higher risk assessment (Coefficient +2.956,
p = 0.002, 2-tailed).
Similarly, the overall model of the visualization form and documentation focus interaction
on risk of material misstatement through the positive predictive rate is significant (R2 = 0.300, F(6,
79) = 5.643, p < 0.001). Again, there was no direct effect of documentation focus on the risk of
material misstatement as indicated by the bootstrapped confidence intervals regardless of whether
the initial visualization provided was less optimal (Coefficient 0.660, 90% CI = -0.446; 1.767) or
more optimal (Coefficient: -0.240, 90% CI = -1.167; 0.688). However, there was a significant
indirect effect of documentation focus on the risk of material misstatement only when the initial
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visualization provided was less optimal (Coefficient: -0.436, 90% CI = -0.839; -0.101). Results in
Panel C support that when participants received a less optimal visualization, the supporting focus
documentation assisted with anomaly identification performance, as measured by the positive
predictive rate (Coefficient -0.240, p = 0.027, 2-tailed), which lead to a higher risk assessment
(Coefficient +1.638, p = 0.013, 2-tailed). However, when participants received a more optimal
visualization, documentation focus did not differentially influence anomaly identification
performance as shown in Panel B (Coefficient +0.085, p = 0.196, 2-tailed) and Panel D
(Coefficient +0.035, p = 0.713, 2-tailed). H3 cannot be fully supported in the predicted direction,
but these findings shed light on how visualization form and documentation focus interact to
influence the risk assessment judgments and decisions.
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FIGURE 8 Tests of Hypothesis 3
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Notes:
Visualization Form = 0 for less optimal initial visualization form; 1 for more optimal initial visualization form
Documentation Focus = 0 for supporting focus; 1 for balanced focus
True Positive Rate = True anomalies identified / 6 total seeded anomalies
Positive Predictive Rate = True anomalies identified / (True anomalies identified + False positive anomalies
identified)
Risk of Material Misstatement = Participants assess risk of material misstatement for revenue based on the gathered
information using an 11-point Likert scale anchored at 0 = “very low risk,” 5 = “moderate risk,” and 10 = “very high
risk.”
FIGURE 8 (Continued)
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5. ADDITIONAL ANALYSIS
5.1 Analysis of Mindset
As a supplemental analysis, Panel A of Table 5 provides descriptive statistics of the
measures for mindset, including number of interactions, time on interaction, time on information
search, word count, number of high-risk items, and dismissiveness of seeded issue at each of the
manipulated conditions for documentation focus. Given that the descriptive statistics indicate an
equal distribution of sample size between the documentation focus conditions, it is unnecessary to
test for the homogeneity assumption.
Number of interactions, time on interaction, time on information search, word count, the
number of high-risk items, and dismissiveness of seeded issue are significantly correlated at the
p=0.010 level (2-tailed). Therefore, each were analyzed as DV’s in the MANCOVA. Panel B
reports the results of the two-way MANCOVA for mindset and Panel C reports the results of the
one-way ANCOVA for each of the measures. Inherent professional skepticism and familiarity are
included as covariates because they are significantly related to at least one of the measures, as
shown in Panel C of Table 5. Gender, age, audit experience, accounting knowledge, familiarity,
and spatial abilities are not included as covariates because they do not appear to be significantly
related to these dependent measures.
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TABLE 5:
Effect of Documentation Focus on Mindset
Panel A: Means [Standards Deviations]
Dependent Variables
DV: Number of Interactions (Interactions)
DV: Time on Interaction
(Time - Visuals)
DV: Time on Information Search
(Time – Info)
DV: Word Count
DV: Number of High-Risk Items
(High-Risk Items)
DV: Dismissiveness of Seeded Issue
(Dismissiveness)

Supporting focus
3.884
[4.261]
n = 43
365.487
[1047.344]
n = 43
785.414
[523.142]
n = 43
136.88
[137.942]
n = 43
3.60
[4.077]
n = 43
0.53
[0.51]
n = 43

Documentation Focus
Balanced focus
Overall
3.512
3.698
[3.667]
[3.956]
n = 43
n = 86
169.480
267.484
[278.240]
[768.104]
n = 43
n = 86
722.311
753.863
[692.299]
[610.783]
n = 43
n = 86
99.09
117.99
[74.557]
[111.848]
n = 43
n = 86
2.67
3.14
[2.296]
[3.323]
n = 43
n = 86
0.67
0.60
[0.47]
[0.49]
n = 43
n = 86

Panel B: MANCOVA Results for Interactions, Time-Visuals, Time-Info, Word Count, High-Risk Items, and
Dismissiveness

Familiarity
Professional Skepticism
Documentation Focus

Wilk’s
Lambda
0.849
0.896
0.938

F-value

Error df

2.289
1.486
0.848

77
77
77

p-value
(2-tailed)
0.044
0.194
0.537

Panel C: ANCOVA Results
Type III SS

df

MS

F-value

p-value
(2-tailed)

Interactions:
Corrected Model
Familiarity
Professional Skepticism
Documentation Focus
Error

183.14
91.07
56.80
13.58
1,147.00

3
1
1
1
82

61.05
91.07
56.80
13.58
13.99

4.364
6.511
4.060
0.971

0.007
0.013
0.047
0.327

Time-Visuals:
Corrected Model
Familiarity
Professional Skepticism
Documentation Focus
Error

5,781,838.91
2,557,656.94
1,513,580.64
1,505,025.17
44,366,716.2

3
1
1
1
82

1,927,279.64
2,557,656.94
1,513,580.64
1,505,025.17
541,057.52

3.562
4.727
2.797
2.782

0.018
0.033
0.098
0.099
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TABLE 5 (Continued):
Time-Info:
Corrected Model
Familiarity
Professional Skepticism
Documentation Focus
Error

1,612,893.52
295,202.65
984,086.70
215,420.67
30,096,822.8

3
1
1
1
82

537,631.17
295,202.65
984,086.70
215,420.67
367,034.43

1.465
4.727
2.681
0.587

0.230
0.033
0.105
0.446

Word Count:
Corrected Model
Familiarity
Professional Skepticism
Documentation Focus
Error

85,897.65
32,875.18
12,937.07
43,116.43
2,260,579.0

3
1
1
1
82

28,632.55
32,875.18
12,937.07
43,116.43
11,920.16

1.465
2.758
1.085
3.617

0.074
0.101
0.301
0.061

High-Risk Items:
Corrected Model
Familiarity
Professional Skepticism
Documentation Focus
Error

150.44
82.34
27.65
35.24
787.89

3
1
1
1
82

50.15
82.34
27.65
35.24
9.61

5.219
8.570
2.878
3.668

0.002
0.004
0.094
0.059

Dismissiveness:
Corrected Model
Familiarity
Professional Skepticism
Documentation Focus
Error

1.275
0.209
0.500
0.597
19.283

3
1
1
1
82

0.425
0.209
0.500
0.597
0.235

1.807
0.890
2.126
2.540

0.152
0.348
0.149
0.115

Notes:
Number of Interactions = Number of times the visualization was adjusted from its initial form
Time on Visualizations = Time spent interacting with the visualizations, in seconds
Time on Information Search = Time spent on information gathering pages, in seconds
Word Count = Number of words included in documentation
Number of High-Risk Items = Number of individual high-risk items included in documentation
Dismissiveness of Seeded Issue = 1 for those that did not mention the manual journal entry as a risk to revenue in
documentation, 0 for those that did mention the manual journal entry as a risk to revenue in documentation

The predictions were that balanced (supporting) focus documentation would encourage a
deliberative mindset in which auditors interact more (less), spend more (less) time searching for
information, search for a greater (lesser) amount of information, acknowledge more (less)
conflicting evidence, and dismiss seeded issues less (more). On the contrary, the univariate results
reported in Panel C of Table 5 indicate those opposite; those who used the balanced focus
documentation spent less time interacting with the visualizations (mean 267.484, p = 0.099, 254

tailed), searched for/documented less evidence (mean 117.99, p = 0.061, 2-tailed), acknowledged
more high-risk evidence (mean 3.14, p = 0.059, 2-tailed). The results appear to suggest that either
(1) documentation focus did not encourage the adoption of the mindsets as initially expected or
(2) participants preliminarily concluded that the risk of material misstatement over revenue was
high, so the deliberative mindset led them to consider more low-risk items and to behave less
skeptically while gathering information.
After a mediation analysis using Hayes PROCESS model 4 (Hayes 2017), it was
determined that there is a significant indirect effect of documentation focus on the true positive
rate, through mindset as shown in Panel A of Figure 9. The overall model is significant (R2 =
0.392, F(5, 80) = 10.294, p < 0.001), there is an insignificant direct effect (Coefficient +0.041,
90% CI = -0.034; 0.116), and a significant indirect effect (Coefficient -0.045, 90% CI = -0.093; 0.006). Again, the indirect effect of documentation focus is not driven by the balanced focus
documentation as originally predicted. Rather, those who used the supporting focus documentation
reported a greater number of high-risk items (Coefficient -1.343, p = 0.051, 2-tailed) and in turn,
improved at anomaly identification (Coefficient +0.034, p = 0.000, 2-tailed) as shown in Panel A.
To expand, I also supplementally test whether the number of high-risk items driven by the
supporting focus documentation leads to a higher risk assessment as shown in Panel B of Figure
9. This overall model is significant (R2 = 0.373, F(5, 80) = 9.498, p < 0.001) and there was a
significant indirect effect of documentation focus on risk assessment judgments and decisions
through the number of high-risk items (Coefficient -0.327, 90% CI = -0.630; -0.048). As shown in
Panel B, participants who used supporting focus documentation reported a greater number of highrisk items (Coefficient -1.343, p = 0.051, 2-tailed) and assessed risk as higher (Coefficient +0.244,
p = 0.000, 2-tailed). Therefore, the supporting focus documentation influences a higher number of
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high-risk items which leads to both greater anomaly identification accuracy and a higher risk
assessment.

Notes:

Documentation Focus = 0 for supporting focus; 1 for balanced focus
Number of High-Risk Items = Number of individual high-risk items included in documentation
True Positive Rate = True anomalies identified / 6 total seeded anomalies
Risk of Material Misstatement = Participants assess risk of material misstatement for revenue based on the gathered
information using an 11-point Likert scale anchored at 0 = “very low risk,” 5 = “moderate risk,” and 10 = “very high
risk.”
FIGURE 9 Test of Mediating Effects – True Positive Rate

56

Given the finding that the identification of anomalies leads to a higher risk assessment, I
also supplementally explore how the initial data visualization form and documentation focus
interact to influence the mindset and anomaly identification. I analyze whether there is an
interaction on the mindset measures using Hayes PROCESS model 8 (Hayes 2017) and find that
the overall model is significant (R2 = 0.407, F(6, 79) = 9.046, p < 0.001). Results in Figure 10
indicate that visualization form and documentation focus interact to influence the number of highrisk items. Results in Panel A and B suggest that when participants initially received a more
optimal visualization, documentation focus did not differentially influence the number of high-risk
items (Coefficient -0.350, p = 0.699). Rather, the optimal visualization allowed the participant to
identify anomalies without the need to search for and process more high-risk evidence items.
However, when participants received a less optimal visualization, the supporting focus
documentation drove them to document a greater number of high-risk items (Coefficient -2.620, p
= 0.012) which in turn, led them to more accurately identified anomalies (Coefficient +0.032, p <
0.001). Furthermore, results in Panel D further indicate that the balanced focus documentation did
not help auditors document more high-risk items, but rather successful anomaly identification was
directly reliant upon the participant receiving an initially optimal visualization compared to a less
optimal visualization (Coefficient 0.240, p < 0.001). The results in Panel C and D further indicate
that receiving a less than optimal visualization created a need for supporting focus documentation.
A combination of supporting focus documentation and a less-than-optimal visualization drove the
auditor to document a greater number of high-risk items (Coefficient -1.820, p = 0.062) and in
turn, they successfully identified more anomalies (Coefficient +0.030, p < 0.001). As indicated
previously, both the number of high-risk items and the anomaly true positive rate directly and
positively influence the risk of material misstatement. As such, these findings shed light on how
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visualization form and documentation focus interact to influence anomaly identification and risk
assessment judgments and decisions through mindset.

FIGURE 10 Tests of Mediating Effects - Number of High-Risk Items
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Notes:
True Positive Rate = True anomalies identified / 6 total seeded anomalies
Number of High-Risk Items = Number of individual high-risk items included in documentation
Visualization Form = 0 for less optimal initial visualization form; 1 for more optimal initial visualization form
Documentation Focus = 0 for supporting focus; 1 for balanced focus
FIGURE 10 (Continued)
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5.2 Analysis of False Positives
I explore the influence of select variables on the identification of false positive anomalies.
I analyze this given that “messy” data analytic results (i.e., numerous false positives and spurious
patterns) is one major concern of audit firms and an inhibitor of incorporating data analytics into
audits (Alles and Gray 2016). An overwhelming number of identified false positives could cause
auditors to spend their limited time and effort in areas that are not ultimately at risk of being
misstated (Whitehouse 2014). Additionally, when auditors focus time and effort in areas that are
not ultimately at risk of being misstated (i.e., false positives), it reduces the likelihood that they
will focus the time and effort in areas that are at risk of being misstated even when they can
accurately identify them (i.e., true positive anomalies). The results reported in Table 6 suggest that
there is no main effect or interactive effect of the variables on false positives. As such, my findings
related to anomaly identification performance are not at the cost of a greater number of false
positives.
TABLE 6:
Effect of Independent Variables on False Positive Rate
Panel A: ANCOVA Results for False Positive Rate

Corrected Model
Visualization Form
Documentation Focus
Viz Form x Doc Focus
Error

Type III SS

df

MS

F-value

0.028
0.000
0.017
0.014
0.819

3
1
1
1
82

0.009
0.000
0.017
0.014
0.010

0.930
0.002
1.682
1.366

p-value
(2-tailed)
0.430
0.965
0.198
0.246

5.3 Analysis of Robustness
Furthermore, given the use of student participants, I re-run each MANCOVA (i.e., the prior
MANCOVAs are reported in Table 3, Table 4, and Table 5 above) to include a binary variable for
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audit experience, 0 for those with no audit experience and 1 for those with some audit experience,
to examine whether audit experience interacts with any of my main variables of interest. I report
only the multivariate results that include an audit experience interaction for each set of dependent
variables in Table 7 below. Audit experience does not interact with my independent variables of
interest on risk of material misstatement, budget change, dismissiveness of seeded issue, time on
information search, time on visuals, word count, and number of high-risk items (all interaction pvalues > 0.10); this supports the notion that the conclusions drawn in my study from student
participants can be generalized to auditors. However, there is a three-way interaction between audit
experience, visualization form, and documentation focus on the true positive rate (p = 0.030, 2tailed) and the positive predictive rate (p = 0.017, 2-tailed). As such, I perform an additional
analysis to ensure that my conclusions related to the true positive rate and the positive predictive
rate are robust to participants who have some audit experience.
TABLE 7:
Test of Interactions with Audit Experience
Panel A: MANCOVA Results for Interactions with Audit Experience on True Positive Rate and Positive Predictive Rate

Viz Form x Experience
Doc Focus x Experience
Viz Form x Doc Focus x Exper

Wilk’s Lambda

F-value

Error df

0.973
0.992
0.907

1.046
0.313
3.848

75
75
75

p-value
(2-tailed)
0.356
0.732
0.026

Panel B: MANCOVA Results for Interactions with Audit Experience on Risk of Material Misstatement and Budget
Changes

Viz Form x Experience
Doc Focus x Experience
Viz Form x Doc Focus x Exper

Wilk’s Lambda

F-value

Error df

0.977
0.997
0.991

0.905
0.107
0.352

76
76
76

p-value
(2-tailed)
0.409
0.899
0.704

Panel C: MANCOVA Results for Interactions with Audit Experience on Dismissiveness, Time-Info, Time-Visuals, Word
Count, and High-Risk Items

Doc Focus x Experience

Wilk’s Lambda

F-value

Error df

0.973

1.046

75

p-value
(2-tailed)
0.356

Notes:
Experience = 0 for participants with no audit experience, 1 for participants with 1 or more months of experience
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As shown in Panel D of Table 8, the same conclusions can be drawn from the supplemental
anomaly identification analysis using just the participants who have at least some audit experience
(n=30). The main effect of visualization form quantitatively holds for the true positive rate (mean
0.200, p = 0.002, 1-tailed) and on the positive predictive rate (mean 0.284, p = 0.010, 1-tailed).
The same conclusion can also be drawn regarding the interaction of visualization form and
documentation on the true positive rate (p = 0.005, 1-tailed) and on the positive predictive rate (p
= 0.002, 1-tailed). As such, I conclude that I can generalize my findings to staff-level auditors.
TABLE 8:
Robustness of Anomaly Identification Performance
Panel A: Means [Standards Deviations]
Dependent Variables
Visualization Form

Documentation Focus
Supporting focus Balanced focus
0.148
0.000
[0.227]
[0.000]
n=9
n=8
0.229
0.567
[0.295]
[0.224]
n=8
n=5
0.186
0.218
[0.256]
[0.315]
n = 17
n = 13
0.281
0.000
[0.424]
[0.000]
n=9
n=8
0.292
0.731
[0.318]
[0.305]
n=8
n=5
0.286
0.281
[0.366]
[0.410]
n = 17
n = 13

Less optimal

DV: True Positive Rate

More optimal
Overall
Less optimal
DV: Positive Predictive Rate
More optimal
Overall

Overall
0.078
[0.178]
n = 17
0.359
[0.311]
n = 13
0.200
[0.278]
n = 30
0.149
[0.333]
n = 17
0.461
[0.374]
n = 13
0.284
[0.379]
n = 30

Panel B: MANCOVA Results for True Positive Rate and Positive Predictive Rate

Familiarity
Professional Skepticism
Visualization Form
Documentation Focus
Viz Form x Doc Focus

Wilk’s Lambda

F-value

Error df

0.995
0.797
0.643
0.980
0.632

0.059
2.927
6.390
0.239
6.688

23
23
23
23
23
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p-value
(2-tailed)
0.943
0.074
0.006
0.790
0.005

TABLE 8 (Continued):
Panel C: ANCOVA Results for True Positive Rate and Positive Predictive Rate
Type III SS

df

MS

F-value

True Positive Rate:
Corrected Model
Familiarity
Professional Skepticism
Visualization Form
Documentation Focus
Viz Form x Doc Focus
Error

p-value
(2-tailed)

1.449
0.001
0.105
0.501
0.019
0.374
1.095

5
1
1
1
1
1
24

0.230
0.001
0.105
0.501
0.019
0.374
0.046

5.036
0.024
2.297
10.982
0.427
8.191

0.003
0.878
0.143
0.003
0.520
0.009

Positive Predictive Rate:
Corrected Model
Familiarity
Professional Skepticism
Visualization Form
Documentation Focus
Viz Form x Doc Focus
Error

2.202
0.010
0.445
0.513
0.000
0.829
1.964

5
1
1
1
1
1
24

0.440
0.010
0.445
0.513
0.000
0.829
0.082

5.380
0.121
5.435
6.267
0.002
10.132

0.002
0.731
0.028
0.020
0.963
0.004

Panel D: Robustness Test of Hypotheses 1 and 2
Dependent Variables
DV: True Positive Rate

DV: Positive Predictive Rate

Hypothesis

Results

H1: More optimal > Less
optimal visualization form
H2: Balanced focus >
Supporting focus
H1: More optimal > Less
optimal visualization form
H2: Balanced focus >
Supporting focus

Supported
Not
supported
Supported
Not
supported

1-tailed Significance (Refer
to Panel C for 2-tailed)
0.002**
(Welch: 0.001)
0.260
0.010**
(Welch: 0.001)
0.482

Notes:
True Positive Rate = True anomalies identified / 6 total seeded anomalies
Positive Predictive Rate = True anomalies identified / (True anomalies identified + False positive anomalies
identified)
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6. CONCLUSION
Data analytic visualizations can be helpful to auditors as they perform a risk assessment
during an audit, but they still require an auditor to effectively interact with the visualization form
and interpret its meaning as far as risk. Default visualizations provided to auditors could be
suboptimal in relation to the underlying client context, which could limit auditors’ ability to
identify anomalies without some intervention to reconfigure the visualization. Failure to identify
significant anomalies has negative implications for inferences related to audit risk assessment.
Drawing on the anchoring effect (Tverskey and Kahneman 1972) and action phase theory
(Gollwitzer 1990), I employ an experiment to investigate how the initial visualization form and
documentation focus influence anomaly identification performance, as measured by the true
positive rate and positive predictive rate, and risk assessment judgments and decisions, as
measured by the assessed risk of material misstatement and budget changes over revenue.
Results of this study support the prediction that auditors who initially receive a more
optimal visualization are more accurate at anomaly identification than auditors who initially
receive a less optimal visualization. These findings indicate that auditors will likely anchor on a
data visualization that is provided to them even though it may be in a less than optimal form, and
they will not always recognize the need to interact with a data analytic visualization to effectively
identify anomalies. I also find an interaction between visualization form and documentation focus
on anomaly identification. The interaction indicates that when participants initially received the
more optimal visualization, the documentation focus did not significantly affect anomaly
identification because there was no need to adjust from the initial visualization. Conversely, when
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the less optimal visualization was provided, anomaly identification was more accurate for the
participants who used supporting focus documentation than it was for participants who used
balanced focus documentation. Therefore, it appears that the use of supporting focus
documentation alleviates the tendency to anchor on the initial visualization as indicated by the
moderation results. Participants also spent significantly more time interacting with (i.e., adjusting)
the visualizations when using supporting focus compared to balanced focus documentation which
also supports that supporting focus documentation alleviates the tendency to anchor on the initial
visualization.
Furthermore, findings indicate that supporting focus documentation positively encourages
auditors to search for and document more high-risk items and to spend more time interacting with
the visualization. The supporting focus documentation influences anomaly identification due to
the auditor’s tendency to search for and document more high-risk evidence items. This differential
cognitive processing goes together with the auditor recognizing the need to interact with the data
visualization (given that the supporting focus documentation leads auditors to be less dismissive
of the audit issue, as compared to the balanced focus documentation) and thus, spending more time
interacting (given that the supporting focus documentation leads to more time spent interacting
with the visualization, as compared to the balanced focus documentation). Conversely, when
auditors initially receive the more optimal visualization, the documentation focus has no
significant effect on anomaly identification likely because the need to search for high-risk items,
cognitively process audit issues, and interact with the visualization is reduced. During a time when
auditors still fail to recognize the most optimal visualization to detect anomalies (Baaske 2021),
the documentation focus is especially important for making use of these data analytic tools during
the audit risk assessment. Results also suggest that the initial visualization form and documentation
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focus can indirectly influence the risk of material misstatement over revenue through the mindset
and anomaly identification measures. First, I find that those who initially received a more optimal
visualization were more accurate at anomaly identification and in turn, assessed risk as higher.
Second, I find that those who used the supporting focus documentation documented a greater
number of high-risk items and in turn, were more accurate at anomaly identification and assessed
risk as higher.
The supplemental findings of this study also indicate that the supporting (balanced) focus
documentation does not influence mindset as initially expected. I initially expected that the
balanced focus documentation would lead auditors to search for and document more high-risk
items as it explicitly asks for documentation of contradicting evidence. However, the results seem
to suggest that auditors view low risk-items as contradicting evidence as opposed to high-risk items
in this risk assessment setting. In other words, it appears that auditors may preliminarily conclude
that they should support the risk of material misstatement over revenue in their search for
information and documentation because the supporting focus documentation led to a greater
number of documented high-risk items. On the contrary, the balanced focus documentation may
lead to a lesser number of documented high-risk items perhaps because the auditor will be driven
to document some high-risk items and some low-risk items.
This study makes a number of important contributions that have implications for the
literature and to practice. First, the results provide support that auditors anchor on the initial
visualization form even when it is not the most optimal to the underlying client setting. Even
though auditors are given the opportunity to interact with or adjust a data visualization using data
analytic tools, they will not always spend the time or recognize the need to do so. Furthermore,
this study contributes to the mindset literature; although Griffith et al. (2015) find that the
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deliberative mindset is helpful when assessing evidence in the audit of complex estimates, this
study suggests that these findings do not hold when collecting evidence during the risk assessment
process over revenue. This study also contributes to the documentation focus literature; Austin et
al. (2020) find that the balanced focus documentation is helpful when assessing management’s
estimates such that auditors are less likely to dismiss contradicting items and to assess estimates
as reasonable. On the contrary, I find that the balanced focus documentation does not appear to be
most helpful in this risk assessment over revenue setting because the supporting focus
documentation influences auditors to document more high-risk items, more likely to identify
anomalies, and more likely to assess risk as higher. Particularly, the difference between my
findings and those in Austin et al.’s (2020) work highlight the importance of what exactly an
auditor is being asked to support. Overall, this study is the first to provide academic support for
the influence of mindsets and documentation focus in a new audit setting, anomaly identification
and risk assessment, which is important given the recent prominence of data analytic visualizations
during this phase of the audit (Austin et al. 2019).
This study also has implications to audit practice. Public accounting firms should be aware
of the significance of the initial form of visualizations used in the audit risk assessment or
recognize the need for an intervention that influences an auditor to recognize audit issues or
interact with the initial visualization. Given the challenge of auditors not having the right skillset
to execute an audit with data analytic tools (Austin et al., 2019), being provided a visualization
that is not optimal for identifying a given anomaly may be detrimental to audit quality given that
it leads to a lower likelihood of anomaly identification and a lower assessment of risk. Overall,
this study should be of interest to public accounting firms who wish to improve audit quality and
efficiency, particularly when using data analytic tools during risk assessment. I would alert firms
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of the disadvantages of requiring balanced focus documentation for the risk assessment when
auditors use data visualizations, and I would even recommend that they explicitly tell their auditors
not to anchor on an initial visualization form as it may not always be the most optimal in a given
client context. However, given that there is no interaction between visualization form and
documentation focus on time interacting with the data visualization, the results suggest that the
supporting focus documentation will influence the auditor to spend more time interacting with the
tool even when they are initially provided the most optimal visualization. Public accounting firms
should have an interest in these findings as they are interested in auditors performing a risk
assessment that is both effective and efficient. Standard-setters should have an interest in these
findings because they may be pressed to changed standards (e.g., PCAOB 2004) to encourage a
more balanced documentation focus given the benefits when auditing complex estimates, but they
should be aware of the detrimental effects of a balanced documentation focus in this specific
setting.
As with any research study, there are scope restrictions and limitations to this study. The
experiment focuses on using visualizations to identify anomalies and excludes the previous
elements in the anomaly identification process (i.e., data extraction and upload, determining
questions, selecting, and filtering datasets, etc.), as well as other outcomes of anomaly
identification performance (i.e., hypothesizing about or testing identified anomalies) to control for
these elements. This study is also restricted to a risk assessment over revenue, an inherently highrisk audit area, even though risk assessments are performed over various other audit areas. The
participants in my study represent a limitation given that they are students rather than actual
auditors. Some may question whether my results will hold as auditors gain audit knowledge,
experience, and familiarity with the data visualization tools. Students may not have sufficient
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background to distinguish high and low-risk items in the same way an actual auditor would, or
they may be less alert to abnormal audit issues, given that they cannot draw on many prior
experiences. I addressed this limitation by collecting measures for knowledge, experience, and
familiarity in my experiment, and I support the robustness of my results by supplementally
analyzing only those participants who have some level of audit experience. This study is subject
to an external validity limitation because participants are not using the actual data analytic or
visualization tools that they would use to identify anomalies during an audit, so there is a question
as to whether the results would generalize to a real situation in the same way; however, I would
argue that the question of generalizability biases against my results because participants are
interacting in a simplified manner in my experiment.
Given the scope of this study, future research can benefit from examining other auditing
steps prior to and after identifying anomalies using visualizations in the anomaly identification
process. Researchers may also wish to explore how initial visualization form and documentation
focus influence other audit areas besides revenue, especially those that are inherently less risky.
While the supporting focus documentation is effective in this context with a seeded audit issue and
seeded anomalies, it may be less efficient in a context where audit issues or anomalies do not exist.
We can benefit from future research that explores such a context with no anomalies or explores an
audit area that is inherently low risk (instead of revenue, which is an inherently high-risk audit
area), such as one of the example audit areas shown in Appendix A. Perhaps the influence of
documentation focus will reverse in a low-risk audit area given that auditors may preliminarily
conclude that they should support a low risk of material misstatement in their documentation.
Additionally, future research can examine whether higher levels of audit knowledge or experience
(e.g., staff auditors versus senior auditors) interact with my variables of interest.
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Appendix A: Examples of Audit Data Visualizations
TABLE A1:
Examples of Audit Data Visualizations
Audit Process/Area
Test of details: Inventory
Test of details: Account receivable

Risk assessment: Revenue

Audit Risk/Anomaly Task
Identification of high-risk
warehouse locations for observation
and counting
Identification of high-risk
customers to select for external
confirmation
Existence of a manual journal entry
at period-end for all in-transit
product shipments within the last
week

Risk assessment: Property, plant,
and equipment

An industry with high-dollar
equipment that quickly becomes
obsolete and must be replaced

Substantive analytic: Revenue

Regression analysis to ensure
standard error level is below
performance materiality
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Example of a Facilitative
Visualization
Cluster analysis and a graphical
display of outliers
Bar chart comparing receivable
balances by customer (Abela 2006)
Line chart disaggregating revenue
data by week
Bar chart comparing dollar amount
by PP&E type and using colors to
distinguish purchases, depreciation,
and disposals.
Scatterplot of revenue versus
production including a trend line
(AICPA 2017)

Appendix B: Visualization Form

FIGURE A1 Less Optimal Visualization Form
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FIGURE A2 More Optimal Visualization Form
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